Tracking the process of fault growth in mechanical systems using a range of tests is important to avoid catastrophic failures. So, it is necessary to study the design for testability (DFT). In this paper, to improve the testability performance of mechanical systems for tracking fault growth, a fault evolution-test dependency model (FETDM) is proposed to implement DFT. A testability analysis method that considers fault trackability and predictability is developed to quantify the testability performance of mechanical systems. Results from experiments on a centrifugal pump show that the proposed FETDM and testability analysis method can provide guidance to engineers to improve the testability level of mechanical systems.
Introduction
Mechanical systems have great significance in defence and civil domains. However, functional failures in mechanical systems due to the increasing severity of faults in one or several components are the main cause of heavy casualties and damage. Preventive maintenance (PM) of mechanical systems is very important for the safe, efficient, and reliable operation (Gao et al., 2014) . Tracking and monitoring the growth of faults in components in mechanical systems using a large number of tests or sensors before they fail is very important to realize PM functions and reduce losses due to failures (Tan et al., 2013) . In actual projects, simply adding test points or sensors is impractical, and will ultimately reduce a system's reliability and increase the monitoring cost. However, if the number of tests is insufficient, the objective of tracking and monitoring the growth of faults cannot be achieved, and false alarms and missed detections may occur. Therefore, many researchers have shown that the application of the concept of design for testability (DFT) to the development of mechanical systems can significantly improve the level of tracking and monitoring fault growth (Biswas and Mahadevan, 2007) .
A testability model is an important component of DFT. Since the middle 1980s, a great number of testability models and computer aided design tools have been developed. Aeronautics Radio Inc. (ARINC) developed the system testability and maintenance program (STAMP) to provide a tool for modeling diagnostic information and assessing system testability (Simpson et al., 1989) . The portable interactive trouble-shooter (POINTER) developed to process models from STAMP to POINTER, is an information flow model (Simpson and Balaban, 1982; Simpson et al., 1989) . Lin et al. (1998) (Sheppard, 1996) . The multi-signal flow graph developed by Deb et al. (1995) is another comprehensive method to model cause-effect dependencies in complex systems. Qualtech Systems Inc. (QSI) developed the testability engineering and maintenance system (TEAMS) design tool based on multi-signal flow (Pattipati et al., 1994) . Hess et al. (2008) introduced a software tool called maintenance aware design environment (MADe) to design, assess, and optimize prognostics and health management (PHM) systems. These tools are widely used for automated test sequencing and testability analysis in industry and government.
Generally, the testability models discussed above are used widely in fault diagnosis of electrical systems due to their modularization and a strong relationship between faults and tests. For example, a short circuit failure of resistance will result directly in an output abnormality of a circuit. Such models can represent fault-test dependency clearly in electrical systems, and can be used for analyzing the ability to detect and isolate faults. However, for mechanical systems, such models based on Boolean relationships between faults and tests cannot correctly describe the dependency between fault growth or evolution and tests. Moreover, fault propagation time and gain are more likely to be affected by fluid or mechanical vibration than in electrical systems.
To overcome these problems, Tan et al. (2013) proposed a novel modeling approach called the failure evolution mechanism model for PHM systems. Yang et al. (2014) developed a quantified uncertainty hierarchical model (QUHM) by considering equipment health management (EHM) functions in testability. The testability analysis and evaluation for EHM can be realized using a multiple dependency matrix. However, it is difficult to build the matrix correctly for a complex mechanical system. Moreover, Tan et al. (2013) and Yang et al. (2014) did not consider fault propagation time and gain or quantify the fault trackability of a system to assist in its DFT.
In this study, a novel fault evolution-test dependency model (FETDM) is developed by considering the fault propagation time and gain, time effect and sensitivity of tests for faults. Furthermore, to evaluate the testability level of a pump, we consider external factors for testability analysis besides the fault detection rate and fault isolation rate, such as the trackability, tracking rate, and prediction rate of failures.
Fault evolution-test dependency model
The FETDM should consider two factors: one is the fault propagation time and fault progression, and the other is the time effect and sensitivity of tests for faults. These two factors distinguish this model from traditional testability models.
The FETDM (Fig. 1) consists of MODULE nodes, FAILURE MODE nodes, TEST nodes, and directed lines.
The MODULE node represents an element or a level of a system, and may have sub-modules or be a sub-module of a larger system. Each MODULE node corresponds to an associated repair level and has the following properties: module name, function, bond group, bond variables, number of inputs and outputs (determined by the materials, energy, or signals), mean time to failure (MTTF), repair and rectification time, and cost.
A FAILURE MODE node represents the failure mode of a unit under test (UUT) in the system and can belong to each MODULE node. The outputs of a FAILURE MODE node represent the failure symptom parameters related to failure evolution. The properties of the node include: failure mode name, failure type, failure rate, severity, condition parameters related to failures, failure diagnosis, and prognostics methods. At the component level, those symptom parameters related to fault evolution can be obtained through a physical failure model or a physical damage model. For example, the pressure and flow rate can be taken as symptom parameters related to fault evolution of a seal's crack according to the physics of a failure model (Biswas and Mahadevan, 2007) . At the system level, the performance parameters indicating the UUT's health can be taken as the fault symptom parameters, and the information can be obtained through expert knowledge and functional attributes (Byington et al., 2004) . For example, the frictional damping coefficient, local gear stiffness, torque constant, and motor temperature indicating the health of the electromechanical actuator can be used to describe the fault evolution of gear slipping, bearing seizure, and motor failure. A TEST node corresponds to a physical or logical location where measurements can be made. Each TEST node is characterized by name, cost, weight, signal-to-noise ratio (SNR), range, response time, environmental constraints, and type of condition parameters.
A directed line represents functional relationships between UUTs, expressed using the functional ontology developed by Stone and Wood (2000) . According to the requirements of the functional flow, lines can be classified into three types: material flow, signal flow, and energy flow (Kurtoglu and Tumer, 2008) . Each line is characterized by the fault propagation time (FPT) and the fault propagation gain (FPG). The FPT and FPG are defined based on the response of a system to a step input (the step response). The FPT is defined as the rise time when the response reaches 10% of the steady gain, and the FPG is defined as the steady-state gain (Zhang, 2005; Johnson, 2008) .
In an FETDM, if a propagation path exists from fault symptom s j to test t k , and the propagation gains along the path are {PG j1 , PG j2 , …, PG jn }, then the FPG of this path can be calculated by multiplying all the FPGs along the path, given by 
Testability analysis

Fault evolution-test dependency
In the fault evolution process of a component from normal state to failure, fault symptoms related to fault progression usually appear before total failure. To track the progression of a fault, fault symptom parameters related to each fault are monitored by means of test points equipped in the system. Fault-symptom (FS) and symptom-test (ST) matrices are defined to describe the dependency between fault evolution and tests in order to analyze the trackability of the system for its fault evolution process.
FS is the fuzzy connection between failure modes and fault symptoms in a system. It includes the failure symptom information related to fault progression in the fault evolution process. In FS, the rows represent failure modes and the columns represent condition parameters related to fault symptoms: 
In the matrix,
if fault f i causes a symptom s j to occur, and 0 otherwise. FS stands for the relationships between faults and fault symptoms related to each fault progression, and can be used to help engineers monitor or track the fault evolution process through test setting in a system. ST is the relationship between condition parameters related to fault symptoms and tests in a system and can be derived using the bond graph method (Alabakhshizadeh et al., 2011): 1 2 1 11 12 1 2 2 1 2 2 2 1 2
In matrix ST, the rows represent condition parameters related to fault symptoms and the columns represent tests in a system.  jk (j=1, 2, …, N; k=1, 2, …, K) is +1, 0, or −1, representing that the response of test t k increases, fixes, or decreases, respectively, when failure symptom s i appears. ST is used to analyze which fault symptoms can be monitored and tracked by the tests of a system. Thus, fault detectability, isolatability, trackability, and predictability can be assessed by integrating FS.
Testability analysis
In this paper, the traditional testability components (e.g., fault detection rate (FDR) and fault isolation rate (FIR)) are extended by adding the trackability for the failure evolution process and the predictability for the time to failure. The trackability of pump systems represents the ability to track the development of faults by monitoring fault symptom parameters related to fault progression in their evolution process. The predictability of pump systems is used to evaluate the ability to predict the time-tofailure for each of the critical, competitive failure modes within the system by means of various failure prediction algorithms (Tan et al., 2013) . Here, the definitions related to testability analysis are as follows:
1. A finite set of failure modes in a system is F={f 1 , f 2 , …, f M }, where M is the number of failure modes in the system. 2. A finite set of failure symptoms is S={s 1 , s 2 , …, s N }, where N is the number of fault symptoms in the system. This paper defines the mapping of one failure symptom to one condition parameter. The symptom set of failure mode f i is S(f i )={s j |s j S,  ij =1}. The mathematical calculations of FDR, FIR, fault tracking rate (FTR), and fault prediction rate (FPR) can be obtained by referring to Tan et al. (2013) .
The system's ability to track the fault evolution process can be calculated, and the time-to-failure can be predicted by considering the fault propagation time and gain, and the sensitivity of tests to the fault evolution process. Definition 1 Denote V jk as the detection sensitivity of test t k for symptom parameter s j . If the test data can be used to map known measurements to a 'symptom parameter measurement', the detection sensitivity of the test represents the ratio of the change in the symptom parameter measurement to the change in the test measurement, t/s, where t is the change in the test measurement, and s is the change in the symptom parameter. For example, let there be three test nodes t 1 , t 2 , and t 3 , in the presence of a fault f 1 . The value of fault symptom parameter s 1 changes by 1 unit and the measurement changes for t 1 , t 2 , and t 3 are 0.01 unit, 0.02 units, and 0.03 units, respectively. Without considering the resolution of these tests, the detection sensitivity of t 1 , t 2 , and t 3 would be 0.01, 0.02, and 0.03, respectively. Obviously, test t 3 is the most sensitive to the fault symptom parameter s 1 of fault f 1 . Definition 2 Denote TSD jk as the detectability of test t k for fault symptom parameter s j . Here, the fault symptom parameter is a map to 'fault measurement' (Stone and Wood, 2000) : 
where |S(f i )| is the number of fault symptom parameters in S(f i ), TTD jk is the time-to-detect (TTD) for symptom parameter s j of test t k , TTF i is the time to failure (TTF) for fault f i , and SyD jk is the symptom duration for symptom parameter s j of test t k .
The average trackability (AT) is defined as the mean value of the trackability for all faults in the system:
where |T(f i )| is the number of tests in which fault mode f i can be detected.
Case studies
A centrifugal pump is one of the key components in mechanical systems that results in the reduction of a system's reliability and availability (Kallesøe, 2005) . To improve a pump system's safety, reliability, maintainability, and affordability, and reduce life cycle cost, in this study we take the centrifugal pump as an example to verify the effectiveness of our proposed method. To realize the functions of tracking and monitoring fault growth in the system, we assume the following testability indices: FDR=100%, FIR>98%, FTR>96%, FPR>94%.
The bond graph model of the pump system is as shown in Fig. 2 and the definitions of the components are listed in Table 1 .
Combining structural and functional information of the centrifugal pump system, the FETDM of the system level was established using the method introduced in Section 2 (Fig. 3) . The drive motor, as a unit in the subsystem level, was modeled (Fig. 4) .
At the component level, the physics of a failure model of corrosion/erosion damage to vanes, and of wear and fatigue damage to seals were introduced by Biswas and Mahadevan (2007) . Based on that information, the FETDMs of vanes and seals were constructed respectively (Figs. 5 and 6 ). For simplicity, the other UUT's FETDMs are not presented here.
In the above FETDMs, the critical failure modes and correlated attributes, the fault symptom parameters related to failure modes, the test set of the pump system, and the attributes of directed lines are listed in Tables 2, 3 , 4, and 5, respectively.
By using the multi-signal methodology, the traditional FT matrix can be obtained based on Figs. 3-6 and is listed in Table 6 . By means of the testability analysis method introduced by Pattipati et al. (1994) , all faults in the fault set F={f 1 , f 2 , f 3 , f 4 , f 5 , f 6 , f 7 , f 8 , f 9 } can be detected by the system. However, {f 1 , f 2 , f 3 } is an ambiguity set, which cannot be isolated. So, the FDR and FIR in the pump system can be calculated by referring to Tan et al. (2013) to be 100% and 75.35%, respectively. The results show that the traditional testability indices cannot meet the predetermined requirements. However, by means of the results of fault evolution analysis and bond graph methodology, matrices Stator temperature s 10 Stator current s 11 Rotor temperature s 12 Rotor current s 13 Bearing temperature s 14 Bearing vibration s 15 Shaft current Table 9 . Obviously, the testability indices meet the predetermined requirements of the pump system. The above results show that the FETDM of the pump system can correctly describe the PHMrelated information and that the testability analysis can effectively evaluate the PHM performance level.
Conclusions
According to the essential requirements of PHM systems for DFT, we propose a novel testability model based on a failure evolution mechanism by considering the fault evolution process and the sensitivity of tests for fault evolution. Besides fault detection and isolation, some new testability indices such as AT, FTR, and FPR are developed to describe the trackability of tests for the fault evolution process and failure predictability, respectively. Thus, a testability analysis method for PHM requirements is put forward. Results of the analysis can help designers optimize the DFT to improve PHM performance. The experimental results show that the FETDM and testability analysis methodology are important for improving the ability to monitor the health of PHM systems and system reliability, and to reduce operating costs.
Future studies will focus on applying FETDM to complex mechanical systems and improving the technique proposed in this paper for use in other engineering systems. A software tool based on FETDM theory is being developed to realize those functions. Moreover, some methods widely used in health assessment and fault prognostics, such as data-driven methods (e.g., artificial neural networks, hidden Markov model, and support vector machine) and physics of failure (PoF) based methods, will be considered in developing FETDM to provide better support for condition-based maintenance or PHM.
